Abstract: Against the paucity of urban parcels in China, this paper proposes a method to automatically identify and characterize parcels (AICP) with OpenStreetMap (OSM) and Points of Interest (POI) data. Parcels are the basic spatial units for fine-scale urban modeling, urban studies, as well as spatial planning. Conventional ways of identification and characterization of parcels rely on remote sensing and field surveys, which are labor intensive and resource-consuming. Poorly developed digital infrastructure, limited resources, and institutional barriers have all hampered the gathering and application of parcel data in developing countries. Against this backdrop, we employ OSM road networks to identify parcel geometries and POI data to infer parcel characteristics. A vector-based CA model is adopted to select urban parcels. The method is applied to the entire state of China and identifies 82,645 urban parcels in 297 cities. Notwithstanding all the caveats of open and/or crowd-sourced data, our approach could produce reasonably good approximation of parcels identified from conventional methods, thus having the potential to become a useful supplement.
Introduction
Land parcel data are one of the cornerstones of contemporary urban planning (Cheng et al. 2006) 1 .
Parcels are the basic spatial units of urban models, as for example the latest urban simulation models are oftentimes vector-based and capture parcel-level dynamics (Stevens and Dragicevic 2007; Pinto 2012 ). More importantly, normative planning and policies are performed on parcels, ranging from the formulation of comprehensive plans, to strategic plan implementation, and to policy evaluation (Frank et al. 2006; Jabareen 2006; Alberti et al. 2007 ).
Whereas parcel data for the developed world are generated by robust digital infrastructure and supplemented by open data initiatives (e.g., OpenStreetMap), researchers still lament the difficulty of attaining parcel data for developing countries. For example, the best available parcel map for China's capital Beijing -supposedly one of the most technologically advanced and rapidly developing cities in the erstwhile Third World -was dated in 2010 (Beijing Institute of City Planning 2010). In addition, collecting parcel data in medium-and small-sized cities in China is constrained by poorly developed digital infrastructures. That goes without saying that complete parcel-level features (e.g., land use type, urban functions, and development density) do not exist on many occasions. In addition to hard infrastructures, soft institutions have also created barriers for Chinese urban planners' access to parcel maps. For instance, our interviews with 57 planning professionals 2 suggest that the access to existing parcel maps held by local planning bureaus/institutes is extremely restrained, as parcel maps are tagged as confidential within the current Chinese planning institutions.
In summary, parcel data for the developing world are oftentimes outdated, limited in geographical scopes, and do not contain much thematic information other than basic parcel geometry. As parcel data are at the central stage of urban planning (Cheng et al. 2006) , the lack of parcel data would constrain our ability to trace urban changes at high spatial resolution, hinder the formulation and implementation of detailed urban plans, and restrain the possibility of adopting contemporary parcel-based urban management.
Built on manual interpretation of remote sensing images and field surveys, conventional ways of generating parcel data are time consuming, expensive, and labor-intensive (Erickson et al. 2013 ).
Thus many developing countries do not have the necessary capital and resources to produce parcel data in the conventional fashion. Overcoming such data paucity seems to be of high priority for urban planning in developing countries.
Against this backdrop, we propose a method for automatic identification and characterization of parcels (AICP), based on ubiquitous OpenStreetMap (OSM) and Points-of-Interest (POI) data. The proposed method could (1) provide quick and robust delineation of land parcels; and (2) generate a variety of parcel level attributes, allowing for the examination of urban functions, development density and mixed land uses. We illustrate the usefulness of our method with 297 cities in China. In addition, the framework could work well with conventional data sources (e.g., survey data), when the latter are available. The next section reviews the progress in obtaining parcel-level geometry and features, followed by an elaboration of methods and the case study. We conclude with a discussion of the strength, limitations, as well as future applications of our method.
Identification and characterization of parcels
Parcel boundaries and their features are conventionally identified through manual interpretation of topographic maps, building maps, field surveys, and high-resolution remote sensing images (Cheng et al. 2006) . Such manual operations suffer a series of setbacks. Firstly, manual operations are resource intensive and time consuming. For example, it would take an experienced operator 3-5 hours to identify and infer land use for 35-50 urban parcels covering the area of one square kilometers. Secondly, manual operations often result in inconsistent dataset, as data quality largely depends on the experiences and technical proficiency of individual practitioners. Thirdly, conventional methods are less suitable for routine updates and longitudinal comparison. This becomes more problematic in the face of volatile urban development (e.g., gentrification and urban sprawl) in many developing countries. Still, even though manual operations could identify parcel geometries, the generated parcels usually lack parcel level information, such as density and land use mix. As a case in point, data about parcel density for Beijing, China are limited to the area within the sixth ring road (approximately 13.8% of the whole Beijing Metropolitan Area).
Recent attempts have been made to automatically identify parcel geometries. For example, Yuan et al. (2012) proposed a raster-based approach for parcel delineation based taxi trajectories and POIs.
However, Yuan et al. (2012) omitted road space in the delineation of parcels, and the raster-based nature of the method generates heavy computational burden, severely limiting the method's applicability to large geographical areas. Meanwhile, Aliagaet al. (2008) presented an algorithm of interactively synthesizing parcel layouts for to-be-developed areas based on the structure of realworld urban areas. This study is limited by the fact that it does not account for parcel characteristics, and performs parcel subdivision within predefined blocks, instead of identifying blocks from the data.
In light of this situation, OSM has been proposed as a promising candidate for quick and robust delineation of parcels and other urban features (Haklay and Weber 2008; Over et al. 2010; Ramm 2010) . As one of the most successful volunteered GIS projects, OSM provides street network data for a wide array of cities (Goodchild 2007; Sui 2008) . Jokar Arsanjani et al. (2013a) predicted that the data coverage and quality of OSM will continue to be improved in the coming years. More specifically, the quality of OSM data in well-mapped and oftentimes large cities is on par with that of topographic maps (Girres and Touya 2010; Haklay 2010; Over et al. 2010) . accuracy OSM data, uses pre-defined boundaries for parcel subdivision, and could be extended to generate additional parcel features.
As a corollary, it is understandable that researchers show hesitations in applying OSM-China data, as the data quality is not always clear and more meta-data may be needed. In light of this situation, attempts have been made to assess the quality of OSM data in China (Zheng and Zheng 2014) .
Preliminary results suggest that inter alia (1) OSM data are more dense and applicable in major cities, although the overall data coverage may be poor; (2) data completeness remains the major issue (Goodchild 2008) ; (3) OSM data in China have been continuously improved. In line with observations, OSM data are gradually used to understand Chinese cities (see for example, Leitte et al. 2012; ).
In addition to parcel geometries, planning practices also require parcel features such as urban functions and development density. There is a rich literature on inferring land use from remote sensing images (Kressler et al. 2001; Herold et al. 2002) . However, as discussed previously, remote sensing images are not suitable for large scale parcel-level analysis, due to inter alia data availability and computational burden. Although some automatic or semi-auto techniques have been developed to address urban land-use classification (Herold et al. 2002; Pacifici et al. 2009) , it is still difficult to identify certain land use types such as high-density residential areas and commercial areas from remote sensing images. More importantly, remote-sensing based methods often treat parcels as having homogenous land use types, thus not allowing for mixed land use. More recently, researchers have inferred human use of urban space with human mobility data, such as smart card records , mobile phone data (Soto and Frias-Martinez 2011; Toole et al. 2012) , and taxi trajectories Yuan et al. 2012) . Nevertheless, human mobility data are often proprietary and involve privacy issues (Beresford and Stajano 2003) . Such limited data access greatly undermines the wide applicability of human-mobility based methods.
To this end, we propose Points of Interest (POI) data as an alternative data source for characterizing parcels. The strength of POI data includes (1) containing sub-parcel level business information, which could serve as proxies for land use and urban functions; (2) being available from online mapping and cataloguing service providers; (3) having a nearly global coverage; and (4) having high spatial (e.g., geo-coded business locations) and temporal (e.g., routinely updated by service providers)
resolutions. In addition, while some POI data are proprietary and require small access fees, many are freely available from online business catalogues. With all these advantages, POI data seem to have great potential in characterizing parcel features.
Therefore, we propose a preliminary automatic process to improve the identification and characterization of fine-scale urban land parcels. OSM data are used to identify and delineate parcel geometries, while POIs are gathered to infer land use intensity, function, and mixing at the parcellevel. We emphasize that our empirical framework is (1) fully automatic and extensible, allowing for the incorporation of various data sources (e.g., taxi trajectories, mobile phone data, as well as conventional survey data); (2) produce not only parcel geometry and land use types but also useful parcel-level information such as land use mix; (3) is applicable to large geographic areas, while most previous studies are limited to small areas; and (4) enables routine updates and free distribution of urban parcel data for China. While enjoying the ubiquitous availability and other blessings of OSM data, the application of our method needs to be aware of the caveats of crowd-sourced and/or open data (Elwood et al. 2012; Neis et al. 2012; Sui et al. 2013 ).
Data and methods

Data
Administrative boundaries of Chinese cities
Our analysis covers a total of 654 cities in China ( detailed discussion on the Chinese administrative system). As a city proper in China contains both rural and urban land uses, we narrow our analytical scope onto legally defined urban land within city propers and use administrative boundaries of urban lands to carve out OSM and POI data layers. In addition to administrative boundaries, we also gather information about total build-up area of individual cities in 2012 (MOHURD, 2013), which will be used in the urban parcel identification process.
Figure 2 Administrative boundaries of Chinese cities
OSM in China
OSM road networks for China were downloaded on October 5, 2013. We also amass the ordnance survey data (ORDNANCE) of China at the end of 2011 with detailed road networks to verify results produced by OSM data. The OSM dataset contains 481,647 road segments (8.0% of that of the ordnance survey map) of 825,382 kilometers (31.5% of the ordnance survey map). Furthermore, road networks in OSM and the ordnance survey map are overlaid for a visual inspection of data quality ( Figure 3 ). The preliminary completeness check is consistent with previous findings on OSM data quality in China (Zheng and Zheng, 2014) . In spite of capturing a portion of the ordnance survey data, OSM data cover most urban areas in China, especially large cities (Figure 3) , and are potentially useful for identifying urban land parcels. The implication of OSM data quality will be further elaborated in subsequent sections. conduce to the estimation of the degree of mixed land use. We manually check randomly sampled POI data points to gauge and ensure the overall data quality. Our empirical framework is extensible in the sense that POI counts can be replaced by other human activity measurements, ranging from the more conventional land use cover derived from remote sensing images to online check-in service data (e.g., Foursquares). Other data DMSP/OLS (1-km spatial resolution; Yang et al. 2013 ) and GLOBCOVER (300-m spatial resolution;
Bontemps 2009) remote sensing images are obtained for model validation, as we will compare parcels identified by our empirical framework with those generated from remote sensing images. In addition, for benchmarking purpose, manually generated parcel data for Beijing is gathered from Beijing Institute of City Planning (BICP). In our analyses, we bear in mind that the spatial resolutions of parcels generated from different methods may differ.
Methods
Delineating parcel boundaries
The working definition of a parcel in our framework is a continuously built-up area bounded by roads.
Identifying land parcels and delineating road space are therefore dual problems. In other words, our approach begins with the delineation of road space, and individual parcels are formed as polygons bounded by roads.
The delineation of road space and parcels is performed as follows: (1) All OSM road data are merged as line features into a single data layer; (2) individual road segments are trimmed with a threshold of 200m to remove hanging segments; (3) individual road segments are then extended on both ends for 20m to connect nearby but topologically separated lines; (4) road space is generated as buffer zones around road networks. A varying threshold ranging between 2-30 m is adopted for different road types, considering both surface conditions and different levels of roads (e.g., national highways and local streets); (5) parcels are delineated as the space left when road space is removed; and (6) a final step involving overlaying parcel polygons with administrative boundaries to determine which individual parcels belong to which cities. Parameters used in these steps are determined pragmatically and based on practitioners' experiences, while bearing in mind the topological errors of OSM data.
Calculating density for all parcels
We define land use density as the ratio between the counts of POIs in/close to a parcel to the parcel area 5 . We further standardized the density to range from 0 to 1 for better inter-city and intra-city density comparison using Equation (1):
where d is standardized density, and correspond to density of individual parcels and the nation-wide maximum density value 6 . As mentioned previously, other measures (e.g., online checkins and floor area ratio) can substitute POIs and approximate the intensity of human activities.
Selecting urban parcels
The next step selects urban parcels from all generated parcels. The total urban land of individual cities was gathered from MOHURD (2013). We employ a vector-based constrained cellular automata 5 POIs within the buffered road space were accounted by their closest parcels in our experiment. 6 The unit is the POI count per km 2 . For parcels with no POIs, we assume a minimum density of 1 POI per km 2 .
(CA) model to identify urban parcels in individual cities 7 (Zhang and Long 2013) . More specifically,
we use the CA model to predict individual parcels' possibility of being urban, and the total urban land is used as constraints for the aggregated amount of urban parcels.
In the CA model, each parcel is regarded as a cell in CA, and the cell status was 0 (urban) or 1 (nonurban). The CA model essentially simulates the urban development. On the onset of the simulation, all cells are set to be rural. During each step during the simulation, whether a parcel is converted to 'urban', i.e., the probability of being urban, depends on two factors (Li and Yeh 2002) : Firstly, the proportion of neighboring parcels that are urban. In our empirical operationalization, the neighborhood of a parcel includes all parcels within a 500m radius; and secondly, individual parcels' attributes such as size, compactness, and the POIs density. These three attributes are combined using a logit function to influence individual parcels' probability of being urban (Wu, 2002) . We then multiply the two factors (neighborhoods and parcel attributes) to determine whether the final probability is over a predefined threshold. In other words, a parcel surrounded by many urban parcels and with certain attributes would have more chance to be identified as an urban parcel in the simulation. Figure 4 provides a visual illustration of our CA model, where the final probability for being selected as an urban parcel for parcels A, B and C is 0.6 (0.8*6/8), 0.3 (0.6*4/8), and 0.225 (0.9*2/8) respectively. With a threshold of 0.5, the only parcel that would be selected as urban in our simulation is parcel A. The algorithm stops when the total area of urban parcels reaches total urban land.
7 Each city has its own constrained CA model for identifying urban parcels. neighborhoods. The numbers in the brackets denote individual parcels' probability of being urban based on their attributes.
In order to determine the parameters in the aforementioned logit function, we perform a logistic regression based on parcels manually prepared for the city of Beijing (12,183 km 2 ; Yanqing and Miyun counties in the Beijing Metropolitan Area are not included). Each parcel is treated as a sample in the logistic regression: there are 125,401 samples in total, 57,817 of which are urban. The observed status of being urban/non-urban is regressed on individual parcels' size, compactness, and POI density. The overall precision of logistic regression is 74.2%, and all parameters are statistically significance. The derived parameters, which capture the relatively importance of different attributes, are incorporated into the constrained CA models for all cities in China 8 . Our constrained CA model is then validated with data for Beijing. The overall accuracy of 78.6% in terms of parcel counts implies the applicability of our CA model in identifying urban parcels from all parcels generated in a city.
Inferring dominant urban function and land use mix for selected urban parcels
Urban function for individual parcels is identified by examining dominant POI types within the parcels. A dominant POI type within a parcel is defined as the POI type that has accounted for more than 50% of all POIs within the parcel. For example, if 31 out of 60 POIs within a parcel are labeled as 'office building/space', the urban function for that parcel will be assigned as 'office'. Note that not all parcels would have a dominant urban function.
As a supplement measurement for the dominant function, we computed a mix index to denote the degree of mixed land use (Frank et al. 2004 ). The mixed index (M) of a land parcel is calculated using Equation (2):
where n denotes the number of POI types, and is the proportion of POI type i among all POIs in the parcel. This index has been used previously to understand evolving travel mode choice and public health outcomes, as well to study changing senses of community (Manaugh and Kreider 2013).
Validations
Our parcel identification and characterization results are validated at two spatial levels: At a first more fine spatial scale (i.e., parcel level), we compare the geometry and attributes of urban parcels generated by our program with those identified manually in the conventional approach. Due to data availability, this fine scale comparison is only performed for the city of Beijing (i.e., the aforementioned BICP data). Since urban parcels for Beijing was collected in 2010 with a total urban area of 1677.5 km 2 , we re-ran the constrained CA model in Beijing using this total number and regenerated urban parcels for Beijing 9 .
In order to (partially) remedy the limited availability of manually collected parcel data, we perform another set of validations at the aggregated level (i.e., regional level). In a first analysis, we compare the overall distribution of urban parcels identified from OSM and Ordnance Survey data. To ensure the comparability of urban parcels from both approaches, we use road networks from ORDNANCE in place of OSM roads and re-run our program to identify urban parcels. As Ordnance Survey data report the actual roads, thus according to our working definition of parcels, parcels generated with ORDNANCE data should correspond more closely to real-world parcels. In other words, parcels generated based on ORDNANCE data are used to benchmark the validity of OSM-based product.
While this first aggregated analysis focuses on OSM's data quality, a second analysis at the aggregated level evaluates the algorithm itself. This second aggregated analysis is conducted by comparing ORDNANCE-based urban parcels with 'urban patches' in the remote sensing products (GLOCOVER and DMSP/OLS).
Results
Parcel characteristics
We run the proposed constrained CA model in all 654 cities. Our method generates exceedingly large parcels (i.e., individual parcels that would exceed the total urban area constraints) for cities with limited OSM data. We adopt a pragmatic threshold of ten parcels and deem the 297 cities with ten or more urban parcels as 'successfully' processed by our algorithm ( Figure 5 ). Due to the city's sheer size -roughly the same size as Austria-Chongqing was the only MD-level city absent from this group of successfully processed cities. All SPC cities, as well as half of the medium-to-small cities at the PLC and CLC levels have result in more than ten urban parcels. A total of 232,145 parcels are identified for these 297 cities ( Figure 5 ), and 82,645 out of all generated parcels are labeled as 'urban' (total urban area 25,905 km 2 ). The average number of urban parcels for MD, SPC, OPCC, PLC and CLC cities are 1411, 407, 199, 79 and 26, respectively. As discussed previously, cities with more population and higher administrative ranks (e.g., Beijing, the national capital; Nanjing, a provincial capital; and Qingdao, a sub-provincial level city) tend to have more detailed OSM road network and subsequently greater number of parcels.
For all urban parcels, we calculate (1) land use density; (2) urban function; and (3) land use mix degree. Figure 6 illustrates the results for five representative cities. Density among parcels within a city or across cities could be compared in terms of inferred and standardized density attributes.
Urban function and land use mix measurements point to substantive mixing of land use. More specifically, 58,915 (71.3%) out of the 82,645 urban parcels have 'dominant' urban functions ( Figure   6 ), including 12,448 residential parcels, 11,353 commercial parcels, 9,797 Office building/space parcels, and 3,301 government parcels. Moreover, the average land mix degree for all urban parcels in 297 cities is approximately 0.66 (with a maximum of 1). The generated parcel data are distributed freely online at www.beijingcitylab.com. 
Land use mix
Parcel validation
For validation at the parcel level, Table 2 summarizes the comparison of parcels generated by our approach and those contained in the BICP Beijing parcel data. Table 2 suggests that OSM-based approach generally produce larger parcels, due to the lack of information about tertiary and more detailed roads in the OSM dataset 10 . Nevertheless, the overlapped area between urban parcels in the OSM and BICP data accounts for 71.2% of all OSM-based urban parcels, suggesting that both datasets largely capture the same geographic distribution of land use activities. In addition, we decompose the city of Beijing into sub-regions bounded by major ring roads, and calculate the proportion of parcels falling into individual sub-regions. The proportion of parcels falling into subregions between ring roads is consistent across both datasets. We also compare the size distribution of parcels, both of which are showing lognormal distribution with similar mean values. Furthermore, density and urban functions of OSM-based urban parcels in Beijing are compared with other data sources. With the same OSM-generated parcel boundaries, we calculate development density for individual parcels (a total of 7,130 parcels 11 ) based on (1) building information such as floor area gathered from BICP for 2008; and (2) POI data, as building information is the common data for inferring development density. The Pearson correlation coefficient between development densities calculated in two different ways is 0.858, suggesting that POI data could be used as a proxy for urban density. As POI types and land use types in BICP data were not totally aligned with each other, we limited our comparison to OSM parcels with a dominating residence function and residential parcels in BICP. We overlaid residential parcels in OSM and BICP, and the overlapping area is 211.5 km 2 (56.3% out of total 375.6km 2 OSM-based residential parcels). In other words, the parcel level validation suggests that, despite only using data from online sources, our OSM-based approach often produce reasonably good approximations of data produced by the conventional manual method.
Validation at the aggregated regional level is performed by comparing urban parcels generated by OSM and the Ordnance Survey data ('ORDNANCE') in 297 cities where substantive numbers of urban parcels are identified (Table 3) . Urban parcels based on ORDNANCE are generated and selected using the same parcel generation and selection methods as applied to the OSM data. Table 3 suggests that OSM-based approach tends to generate parcels of larger size, again due to the relative sparseness of road networks in OSM data. The match degree between urban land by OSM and ORDNANCE is 58.1%, calculated as the ratio of the area of overlapping urban parcels to the area of all OSM-based urban parcels. When we disaggregate the overlapping results in each city level, the ratio for MC, SPC and OPCC is around 70% and the ratio for FLC and CLC is around 45%. This, following the comparison on road networks in both datasets in Figure 2 , further confirms the data completeness of OSM in big cities was much better than that in small cities in China. Additionally, as the errors in OSM-generated parcels may come from (1) errors in the raw OSM data;
and (2) errors in our empirical framework, we attempt to single out pitfalls in our empirical framework. In this regard, we cross-reference ORDNANCE-based parcels with remote-sensing based parcels. On the one hand, we expected ORDNANCE-based parcels would be less plagued by data issues that linger over the applicability of OSM, and thus reflect the effectiveness of our algorithms.
On the hand, we deem urban areas identified from remote sensing images as the 'ground truth'.
More specifically, we compare the urban parcels based on ORDNANCE with the 300m-resolution urban area of China in GLOBCOVER (Bontemps, 2009) , as well as 1 km-resolution urban area of China from DMSP/OLS in 2008 . We quantify the overlapping between urban parcels generated based on ORDNANCE data and 'urban patches' identified in the remote sensing products. , 49.5% of urban area in GLOBCOVER and 43.6% of urban area in DMSP/OLS. Considering the sheer size of our study area and limited data sources, we believe that these overlapping percentages are reasonably good.
We note that these overlapping percentages are achieved even though remote sensing images only capture the ground truth at a rather coarse-scale. For example, Table 4 suggests that an average urban parcel was around 300m-by-400 m, much smaller than the average size of an 'urban patch' in GLOBCOVER or DMSP/OLS. In addition, the time lag between ORDNANCE and DMSP/OLS, to certain extent, underestimated the overlapping ratio. Still, overlapping percentage might be hampered by the inconsistency between spatial resolutions of the two datasets. In the meantime, we are striving to collect fine scale urban land use data for the entire China, which would enable more detailed validation of our method. 
Conclusions
Aiming at the paucity of parcel data in cities of the developing world, our study proposes a novel and extensible empirical framework for the automatic identification and characterization of parcels using OSM and POIs data. Our analysis represents a preliminary attempt to use volunteered GIS data to identify and characterize urban parcels in China. Empirical results suggest that OSM and POIs could help to produce reasonably good approximation of parcels identified from conventional methods, thus making our approach a useful supplement. The bottom line, however, is that we may argue for more ways of identifying parcels, not just newer, faster, or more efficient ways. In fact, as we have enumerated in the review section, parcels have been conventionally produced in a number of different ways. Our new web-based method thus provides more opportunities and alternatives to characterize parcels and generate insights.
More specifically, the contribution of this paper lies in the following aspects: Firstly, we propose a robust and straightforward approach to delineating parcels, identifying urban parcels, and characterizing parcel features, using ubiquitously available OSM data. Secondly, we employ a novel approach that incorporates a vector-based cellular automata model into the identification of urban parcels. Thirdly, our approach has been applied to hundreds of cities in China, and could possibly be extended to generate parcel data for other areas that lack of conventional data sources.
The final product of our project is a dataset containing fine scale urban parcels with detailed features for 297 Chinese cities. This dataset can be applied to but not limited to the following aspects: Firstly, the dataset can be updated periodically and provides parcel maps for urban planning and studies in places where digital infrastructure development is weak. For example, official parcel data for Beijing are generally updated every three years and our approach would enable updating on a yearly basis to capture rapid growth in Chinese cities. Secondly, the dataset can serve as the base for emerging vector-based urban modeling, e.g., vector-based cellular automata models and agent based models (Stevens and Dragicevic 2007; Jjumba and Dragicevic, 2012) . Urban parcels generated by our approach would enable us to establish large-scale urban expansion models for large geographic areas (e.g., an entire nation) at parcel level. Such urban expansion models would open up new avenues for fine-scale regional growth management but were technically impossible without parcel data. Our attempt to establish such parcel-level national-scale urban expansion model will be reported in a related paper. Thirdly, parcel attributes such as urban functions and land use intensity provide useful measurements for urban analysts to examine inter alia quality of life, urban growth, and land use changes (Frank et al. 2010) . As a sign of the usefulness of our project, though our dataset has been released for a very brief period of time, many planning projected and urban analyses have reportedly explore and use our parcel data: our parcel dataset has been downloaded more than 1500 times and we received over 100 comments in its first week of release. In the past, planning professionals in China have less access to land use data at such fine spatial scale. Fourthly, the generated parcels could be used as spatial units for consolidating other spatially referenced data, e.g., geotagged photos, transportation smart card records, taxi trajectories and mobile phone traces.
The estimation of urban function, density and land use mix would be improved by integrating different data sources.
As discussed previously, we aware that our method is likely to be susceptible to the caveats of crowd-sourced data . For example, we note that, in addition to data completeness, other issues such as data accuracy, data 'vandalism', temporal inconsistency between data uploaded at different times, and flexible taxonomy in meta data may also affect OSM data quality. All these caveats need to be handled with caution when open data such as OSM data are applied Neis et al. 2012) . Because the general limitations and setbacks of using open and crowdsourced data to study urban dynamics have been detailed elsewhere (Elwood et al. 2012; Liu et al. 2013; Sui et al. 2013; Sun et al. 2013) , we conclude by noting limitations and possible future research avenues that are specific to our empirical framework. A first limitation of our approach is that OSM road networks are relatively sparse in many cities (especially those at the lower end of the administrative hierarchy) and lead to unrealistic large urban parcels. This deficiency is likely to be alleviated by the ever-increasing coverage and quality of OSM data in China (Figure 1 ). Techniques for parcel subdivision would be an alternative solution for generating more realistic urban parcels in small cities in China (Aliaga et al. 2008) . A second limitation is related to the use of POIs for estimating land use density. Our current approach focuses on the quantity rather than quality of individual POIs (e.g., a large department store and a small convenience store are treated equally).
Possible improvements include the incorporation of online check-in data (e.g., Jiepang and
SinaWeibo -Chinese equivalents of Twitter and Foursquares, respectively), taxi trajectories, and transportation smart card records to supplement inferring land use intensity. Thirdly, the current fine-scale validation is limited to the city of Beijing, and our method needs to be validated and refined with real-world parcel data in more cities. As already mentioned, more efforts need to be put into data and model validation. Lastly, the CA model can be improved by incorporating more constraints like accessibilities to main roads and city centers, as well as exclusive development zones. *** *** *** As the generated parcel data are freely available online 12 , the online data distribution and visualization offer a new avenue to validate and improve our methods: crowd-sourced validations (Fritz et al. 2012 ). More specifically, individual users, with their local knowledge and experiences, would identify and report geometric and/or thematic errors of parcels, which in turn would be incorporated and used to fine-tune our CA model. 12 Beijing City Lab, Data15, http://www.beijingcitylab.com/data-released-1/data1-20/.
